A new online tool for creating personal and social EQ-5D-5L value sets was recently developed and trialled in New Zealand (NZ). Health state values for each participant are determined using the PAPRIKA method -in the present context, a novel type of adaptive discrete choice experiment -and any health states worse than dead are identified using a binary search algorithm. Following testing and refinement, the tool was distributed in an online survey to a representative sample of NZ adults (N=5112), whose personal value sets were created. Extensive data quality checks were performed, resulting in a 'high-quality' sub-sample of 2468 participants whose personal value sets were, in effect, averaged to create a social value set for NZ, as represented by social 'disutility coefficients' (consistent with the EQ-5D literature). These results overall and participants' feedback indicate that the new valuation tool is feasible and acceptable to participants and enables valuation data to be relatively easily and cheaply collected. The tool could also be used in other countries, tested against other methods for creating EQ-5D-5L value sets, applied in personalised medicine and adapted to create value sets for other health descriptive systems.
INTRODUCTION
The EuroQol Group's health descriptive systems, the EQ-5D-3L (Brooks, 1996) and EQ-5D-5L (Herdman, et al., 2011) , are the most widely used instruments worldwide (Richardson, McKie, & Bariola, 2017) for representing health-related quality of life (HRQoL) for use in cost-utility analysis (CUA) and patient-reported health outcome measures (PROMs). Introduced in 2009, the EQ-5D-5L is progressively superseding the original EQ-5D-3L. Both versions have five HRQoL dimensionsmobility, self-care, usual activities, pain/discomfort and anxiety/depression -but instead of just three levels of severity for the EQ-5D-3L, the EQ-5D-5L has five levels: e.g. no, slight, moderate, severe and extreme problems. Thus, the EQ-5D-5L represents 3125 (5 5 ) health states, compared to just 243 (3 5 ) for the EQ-5D-3L. This increased granularity comes at the expense of higher complexity and cost to create EQ-5D-5L value sets relative to its simpler predecessor.
An increasingly common approach for creating patient-reported outcome instruments, including EQ-5D-5L value sets, is to use discrete choice experiments (DCEs) (McFadden, 1973) . In the present context, DCEs involve participants expressing their preferences with respect to the relative importance of EQ-5D-5L dimensions by repeatedly choosing between hypothetical health states. Compared to other choice-based valuation techniques (e.g. time trade-off and standard gamble methods), DCEs are cognitively less challenging -typically requiring participants to choose between just two health states at a time -and so DCEs can be implemented relatively easily and cheaply using online surveys (e.g. Krabbe et al., 2014) .
DCEs have been used to create EQ-5D-5L value sets for: Australia (Norman, Cronin, & Viney, 2013; Viney et al., 2014) , Japan (Shiroiwa et al., 2016) , South Korea (Kim et al., 2016) , Netherlands (Versteegh et al., 2016) , Spain (Ramos-Goñi et al., 2017) , Germany (Ludwig, von der Schulenburg, & Greiner, 2018) , United Kingdom (Mulhern, Bansback, Hole, & Tsuchiya, 2017) and England (Devlin, Shah, Feng, Mulbern, & van Hout, 2018; Feng, Devlin, Shah, Mulbern, & van Hout, 2018) .
Most of these value sets were created using the EuroQol Group's software-supported protocol, known as the "EuroQoL Valuation Technology" (EQ-VT) (Oppe, Devlin, van Hout, Krabbe, & de Charro, 2014) . The EQ-VT is interviewer-administered and comprises 10 time trade-off (TTO)
questions, including a lead-time TTO for states worse than dead (Robinson, & Spencer, 2006; Devlin et al., 2013) , and seven DCE questions involving choosing between two hypothetical health states defined on all five dimensions at a time (i.e. a 'full profile' DCE).
The EQ-VT protocol and the quality of the resulting valuation data have been challenged. Stolk, Ludwig, Rand, van Hout, & Ramos-Goñi (2019) discusses problems with the original version of the EQ-VT used in the first wave of valuation studies (in Canada, England, China and the Netherlands) and subsequent mitigations in later versions, including tighter quality control over interviewers. Future modifications are mooted, including less reliance on the TTO method and more on DCEs. A formal review of the EQ-5D-5L value set for England, commissioned by the Department of Health for England, criticises the EQ-VT (including its latest version) and the quality of the data and raises serious concerns about the TTO method (Hernández-Alva, Pudney, & Wailoo, 2018 This paper presents a new DCE-based online tool for creating EQ-5D-5L value sets that includes extensive checks of the quality of participants' data. The tool implements a novel type of adaptive DCE in the HRQoL context, known as the PAPRIKA method (Hansen & Ombler, 2008) . A major advantage of the PAPRIKA method relative to most other DCE methods is that, as well as producing a social value set, PAPRIKA immediately (and in 'real time') produces a personal value set for each participant. This capability represents a unique opportunity to personalise value sets, consistent with personalised (precision) medicine (Mirnezami, Nicholson, & Darzi, 2012) and the increasing interest in patient preferences. Another major advantage of individual-level data is the opportunity for examining the heterogeneity of individual health state preferences and differences between population sub-groupse.g. healthy vs chronically ill, young vs old, ethnic group differences, etc. A third advantage of individual value sets is that a binary search algorithm can be used for participants to identify any health states worse than dead (e.g. Devlin, Shah, Mulhern, Pantiri, & van Hout, 2018) , as in the tool presented here.
The objective of this paper is to present the new valuation tool, especially the DCE and binary search algorithm, and to report on the tool's feasibility and acceptability to participants. The setting for developing and trialling the tool is New Zealand (NZ). As well as the authors being from there, the EQ-5D-5L's adoption internationally suggests the need for a NZ value set given the EQ-5D-3L value set created in 1999 (Devlin, Hansen, Kind & Williams, 2003) is used extensively by researchers and policymakers -e.g. for CUA by NZ's Pharmaceutical Management Agency (PHARMAC, 2017) and, to a lesser extent, for PROMs by the Ministry of Health (Shuker et al., 2017) . Hence, results for creating a NZ social value set are also presented.
METHODS

Tool development and testing
The new valuation tool has two main components: a DCE to determine each participant's 3125 health state values, and a binary search algorithm to identify health states worse than dead. After informal testing, a 'think-aloud' approach (Gilhooly & Green, 1996) was used to assess the feasibility and acceptability of the DCE and two methods for identifying health states worse than dead: a binary search algorithm (explained in sub-section 2.3) and an interactive visual analogue scale (VAS). An example of a VAS question appears in Appendix 1, along with an earlier presentation of the binary search question (superseded by the final version below).
Twelve one-hour think-aloud sessions were held. In the presence of two interviewers, including two of the authors (TS or SD), the participant verbalised their thoughts while using the tool, with the interviewer asking follow-up questions. In short (results to be reported elsewhere), participants found answering questions involving a binary choice between a health state and dead (Figure 2 ) much easier than using a VAS slider ( Figure A1 in the Appendix) and had more confidence in their answers; therefore, the binary search algorithm was adopted for the tool. Other think-aloud feedback was used to improve the tool's instructions and user interface. The tool was pilot-tested on a snowball sample of 270 participants and further refined.
The tool's two main components are now explained in turn.
Discrete choice experiment
The DCE is based on the PAPRIKA method (Hansen & Ombler, 2008 (Martelli, et al., 2016; Sullivan & Hansen, 2017) , patient prioritisation (Fitzgerald, et al., 2011; Hansen, Hendry, Naden, Ombler, & Stewart, 2012) , disease classification and diagnosis (Shiboski et al., 2017) , for developing clinical guidelines (French, et al., 2015) and prioritising diseases for R&D (Tacconelli et al., 2018) .
The PAPRIKA method involves the participant repeatedly choosing between, in the present context, two hypothetical health states with respect to which one they would prefer to be in for 10 years.
The health states are defined on two dimensions at a time (i.e. in effect, the other three dimensions are assumed to be the same) and involve a trade-off. An example of such a question appears in Figure 1 . is asked while ensuring they end up having pairwise ranked all possible states defined on two dimensions at a time, either explicitly or implicitly (by transitivity).
Finally, from the participant's explicit pairwise rankings (i.e. answers to the DCE questions) the software uses linear programming techniques to derive weights for the levels on each dimension; for technical details, see Hansen & Ombler (2008) . As well as each participant's weights, and their corresponding personal value set, these individual outputs are averaged across all participants to produce social weights and a social value set.
To restrict the number of DCE questions asked, only levels 1, 3 and 5 of each of the EQ-5D-5L
dimensions were included in the DCE. The weights for levels 2 and 4 were interpolated using Bézier interpolation (Farin, Hoschek, & Kim, 2002) by, in essence, fitting a monotonic smoothed curve through the weights for levels 1, 3 and 5. Also, five combinations of levels (health states) deemed to be unrealistic to most people were suppressed: e.g. "no problems doing my usual activities" and either "extreme pain or discomfort" or "extremely anxious or depressed" or "unable to wash or dress myself" or "unable to walk about".
Binary search to identify health states worse than dead
An interactive binary search (or bisection) algorithm was implemented by the 1000minds software for participants to identify any health states they consider to be worse than dead. Such a search algorithm is possible because the PAPRIKA DCE method produces a personal value set for each participant.
The algorithm begins with the participant being asked if they think that being in the lowest-ranked heath state, 55555, for 10 years (the conventional time period) would be better or worse than being dead; this question is shown in Figure 2 . If the person answers 55555 is "better than dead", the algorithm stops. If instead they answer 55555 is "worse than dead", the algorithm proceeds to search for, in effect, the 'dividing line' that splits their ranking of the 3125 states into ones better and worse than dead respectively.
FIGURE 2 Example of a binary search question to identify states worse than dead
Thus, if the person answers 55555 is "worse than dead", they are asked if another, higher-ranked health state (set by the tool to 33333), is better or worse than dead. Depending on their answer, another higher-or lower-ranked state is evaluated: if the person answers 33333 is "worse than dead", 22222 is posed next; if instead they answer 33333 is "better than dead", 44444 is posed next. Having identified the range of health states in which dead lies, the algorithm proceeds to repeatedly bisect (halve) the participant's personal ranking of states.
For example, suppose with reference to the questions above, the person answers 33333 is "better than dead" and then 44444 is "worse than dead"; they are then asked if the state in the middle of their ranking of 33333 to 44444 -e.g. perhaps 34432 -is better or worse than dead. Suppose they answer 34432 is "better than dead"; they are then asked if the state halfway in their ranking of 34432 to 44444 -e.g. perhaps 44433 -is better or worse than dead. This process continues: repeatedly halving the range of values until the dividing line is found that splits their ranking of the 3125 states into ones better and worse than dead.
In summary, three results with respect to the location of dead within the 3125 health states are possible: either dead is worse than 55555, and so dead and 55555 are both valued at 0 (customary for EQ-5D valuations); or 11111 is worse than dead (uncommon), and so dead = 1; or (most often) dead is spanned by two adjacent states in the person's ranking (one better than, the other worse than dead), and so dead's value (before rescaling) is the average of the values for these two adjacent states.
The cognitive effort associated with the binary search algorithm is considerably less than with more traditional implementations, in the following four ways.
One, the interface does not permit the health state under consideration to be valued as equal to dead (indifference); i.e. as illustrated in Figure 2 , there is no "equal to dead" button. The think-aloud sessions and pilot-testing confirmed that presenting just two simple options reduces the cognitive difficulty and eliminates the risk that people might equate some states with dead even though, in fact, they think the states are (strictly) worse than dead. Although participants' elicitation burden with respect to cognitive difficulty is reduced, the first three features above can increase the number of questions asked relative to a pure binary search algorithm; this number ranges from one (for a person answering 55555 is "better than dead") to a maximum of approximately nine.
New Zealand survey
International research company Research Now was engaged to recruit a sample representative of the NZ adult population with respect to age, gender, ethnicity and geographic location. Participants were asked to complete three parts of the online survey anonymously with respect to: (1) rating their current health status on the EQ-5D-5L questionnaire and EQ VAS; (2) completing the DCE and identifying health states worse than dead; and (3) supplying socio-demographic and background information and feedback about the tool and the survey overall. Ethics approval was obtained from the University of Otago Human Ethics Committee (D17/297).
Participant exclusions
The quality of participants' data is assessed in several ways. The objective is to identify people with 'low-quality' data and exclude them, thereby producing a sub-sample of participants with 'high-quality' data to use for creating the social value set.
First, participants whose solicited feedback indicates their survey responses are invalid were excluded. Also excluded were participants who value dead at unity -because rescaling their value set relative to 11111 = 1 and dead = 0 (see next sub-section) is mathematically impossible. In addition, the new tool includes the following data quality checks that can be used for identifying who else to exclude.
To test the consistency (reliability) of each participant's answers, at the end of the DCE the tool repeats two questions, selected according to the participant's strongest expression of their preferences so that they should be the easiest questions to answer. The software also records the time taken by each participant to answer their DCE questions. Thus, participants who fail to answer their two repeated questions identically (consistently) and/or who answer their questions implausibly quickly -i.e. below a threshold to be determined after scrutiny of the survey dataset -are excluded. The tool also records for each participant how many DCE questions are answered by clicking "this one" on the left-hand side versus "this one" on the right-hand side versus "they are equal" (see Figure 1 again). Finally, after being shown their ranking of the five dimensions produced by the DCE, participants are asked whether this ranking is as they expected. , where z is the participant's value for dead (from the binary search) (Oppe, Szende, & Charro, 2007) . Each participant's personal value set can also be represented by a linear equation analogous to the equations used to create social value sets in the EQ-5D literature (Oppe, Szende, & Charro, 2007) . These equations comprise negative 'disutility' coefficients corresponding to level decrements from 'full health' state 11111 = 1, where health state values are calculated by adding unity to the sum of the negative coefficients corresponding to each state's combination of levels on the five dimensions. Each participant's disutility coefficients can be calculated from their DCE weights using the formula
Calculating personal and social value sets
where w is the weight for the level and dimension whose coefficient is being calculated, w1 is the weight of level 1 (the highest weight) of the same dimension and z is the participant's value for dead.
From the participants' personal value sets, a social value set can be constructed by calculating the mean for each of the 3125 rescaled values across all individuals. The obvious method for calculating these mean values is to generate all participants' personal value sets and then calculate the mean value across all individuals for each health state. However, a simpler and equivalent method -i.e. less computationally intensive and resulting in the same social value set -is to average the above-mentioned personal disutility coefficients across all participants to determine the social disutility coefficients, from which the social value set is calculated by adding unity to the sum of the social coefficients for each state's combination of levels.
Correlations with other country EQ-5D-5L value sets
A cursory comparison of the NZ social value set with other countries' value sets is possible by calculating Spearman ρ and Pearson r correlation coefficients using other countries' value sets supplied by the EuroQol Group and applied in Ombler, Albert, & Hansen (2018) . Significance levels discussed in the article * were used to test the coefficients' statistical significance.
RESULTS
The survey was completed by 5112 people (0.10% of NZ's population of 4.91 million). The full dataset is available on request from the authors. Figure 3 represents the 2644 participant exclusions to obtain a high-quality sub-sample of 2468.
Three participants whose feedback indicates their survey responses are invalid were immediately excluded. As represented by the Venn diagram in the figure, also excluded were participants who: value dead at unity, or are inconsistent (failed to answer the two repeated DCE questions identically), or are implausibly fast -i.e. a median time of less than six seconds per answer. This six second threshold (corresponding to participants answering half their DCE questions in under a minute) is supported by Figure 4 , which reveals, overall, that the more time participants take to answer, the more consistent they are (also evident in Figure 3 , where of the 2256 inconsistent participants, 683 are implausibly fast): at six seconds, most responses are consistent. In summary, of the 5112 who completed the survey, 2644
were excluded, leaving a sub-sample of 2468 for the analysis that follows.
In addition, a reassuring difference between the 2644 exclusions and the n=2468 sub-sample emerges with respect to people who answered all their DCE questions by clicking the same button. Of the 2644 exclusions, 225 (9%) always clicked the same button: mostly "they are equal". Given most of these 225 also answered inconsistently or implausibly quickly, it seems very likely that they carelessly 'clicked their way through' the DCE questions without due consideration. In contrast, just 132 (5%) in the n=2468 sub-sample always clicked the same button: "they are equal". A close examination of each of these people's data revealed nothing else 'suspicious' about their quality, including their answer to the question above about their DCE ranking of the five dimensions and any other general feedback, that might indicate they should also be excluded; and so, given always answering "they are equal" (i.e.
indifference) is theoretically plausible, they were retained in the high-quality sub-sample.
FIGURE 3
Exclusions to obtain a high-quality sub-sample for creating a social value set (n=2468)
FIGURE 4 Median time per decision, compared with consistency of answers to two repeated DCE questions
The sub-sample's socio-demographic characteristics are reported in Table 1 , with NZ population statistics for comparison purposes. The sub-sample is generally representative of the NZ population.
The sub-sample's self-assessed health using the EQ-5D-5L is summarised in Appendix 3. Participants answered 20 DCE questions on average, with a median time of 12.6 seconds per answer. As reported in Table 2 , most participants (63.7%) found the survey instructions and design easy to understand, and almost half found the DCE questions difficult to answer. For most participants (87%), 13 their ranking of the five dimensions produced by the DCE was as they expected. However, of the remainder (13%), usually either just one dimension was mis-ranked or two dimensions were reversed (often despite equal weights so that if ordinals such as "1 st =" had been used, the ranking may have been correct). The sub-sample's mean weights from the DCE are reported in the second column of Table 3 , where they are normalised so that level 1 on all dimensions (i.e. 'full health') sums to unity: i.e. 11111 = 1.
The disutility coefficients are in the third column -where the social value set can be calculated by adding unity to the sum of the coefficients corresponding to each state's combination of levels; e.g. value set for NZ. This value set -available on the request from the authors -is summarised graphically in Figure 5 , where 780 (25%) of the 3125 states are worse than dead = 0.
As a robustness check, additional participant exclusions based on increasing the 'implausibly quickly' threshold to median times of 8 and 10 seconds per answer respectively were applied to obtain two smaller, arguably higher-quality, sub-samples of n=2189 and n=1657. Relative to the original n=2468 sub-sample, the social value sets from these two smaller sub-samples are very similar: all three are almost perfectly linearly correlated with each other -their Pearson r correlation coefficients all equal 1.000 -and their mean values for dead are 0.338, 0.337 and 0.333. These results suggest that more stringent 'data quality' exclusions would be unlikely to significantly alter the social value set.
With reference to the second column in Table 3 , the most important dimension for participants on average is Anxiety/Depression with a mean weight of 0.215, followed by Pain/Discomfort (0.206), SelfCare (0.202), Mobility (0.191) and -least important -Usual Activities (0.186). This result for Anxiety/Depression, for example, means that participants value not being anxious/depressed the most; in other words, being extremely anxious/depressed confers the most disutility.
exhibit increasing disutility as the levels progressively worsen from "no problems" (level 1) to "moderate problems" (level 3) to "extreme problems" (level 5). Recall that the weights for levels 2 and 4 are interpolated instead of directly created by the DCE -resulting, as can be seen in Table 3, in increasing disutility across all five levels for all dimensions. 11111  31231  11521  33231  42213  15222  12343  22351  34313  15142  25412  14513  45222  45213  42532  51343  52414  43244  55331  54333  54125  54513  51552  15544  23555  55555 4. DISCUSSION Fundamental to the new valuation tool is the extensive data quality checks to identify a high-quality sub-sample (n=2468) for creating the social value set (from N=5112 who completed the survey).
Participants who answered their DCE questions implausibly quickly or failed to answer the two repeated questions consistently were excluded (as were people whose feedback indicated their answers were invalid, or who valued dead at unity). The social value set created for NZ is robust to more stringent exclusions from increasing the time threshold for identifying people answering implausibly quickly.
On the face of it, excluding more than half -i.e. 2644 (51.6%) -of the people who completed the survey constitutes a high rate of data wastage. However, a low level of participant engagement or understanding is a risk with any survey of the general population, but especially so when recruitment is via an online commercial research panel (as for this study). Fortunately, the tool's data quality checks were able to identify -and exclude -such 'low-quality' participants. In future applications of the tool, recruiting more highly motivated (or incentivised) participants should reduce the need for exclusions.
Nonetheless, almost half of the high-quality sub-sample reported finding the DCE questions difficult to answer. This finding is unsurprisingly given the questions involve confronting trade-offs between EQ-5D-5L dimensions. However, an important advantage of the PAPRIKA method relative to other DCE approaches such as in the EuroQol Group's EQ-VT protocol is that PAPRIKA's questions involve partial profiles (just two dimensions at a time) instead of full profiles (all five dimensions at a time). Choosing one from two alternative health states, differing on just two dimensions at a time, is the cognitively least complex of all possible choice tasks. In future applications of the tool, the inclusion of a preliminary warm-up exercise involving some practice DCE questions, without affecting the person's results, is likely to reduce their initial shock when confronting trade-offs, thereby improving the quality of their data.
An important area for future research relates to how the software determines the weights for levels 2 and 4 for each dimension. In this study, they were interpolated, with only levels 1, 3 and 5 included in the DCE, thereby limiting the number of DCE questions to just 20 on average, typically taking 5-10 minutes in total. Not including level 4 in the DCE also side-steps the confusion that may be experienced by some people when asked to differentiate between levels 4 and 5 on the Pain/Discomfort and Anxiety/Depression dimensions with respect to which of the near-synonyms "severe" versus "extreme" problems is worse. In future applications of the tool, all five levels could easily be included in the DCE -resulting in approximately 55 DCE questions on average (e.g. taking 12-25 minutes in total). Such an elicitation burden is likely to be acceptable for people who are sufficiently motivated (as noted earlier).
Alternatively, an additional DCE could determine mean weights for levels 2 and 4 for each dimension and then be combined with the current results to refine the NZ social value set. Either approach would also enable a proper investigation of each dimension's functional 'shape' in terms of marginal effects of changes across their levels; e.g. if the conjecture above that "severe" and "extreme" problems are near-synonyms then the disutility of going from level 4 to 5 on these dimensions should be minimal.
Feedback overall -from the think-aloud sessions, the pilot-testing and population surveyindicates the tool is acceptable to participants. Its user-friendliness and online delivery could significantly lower the cost of creating EQ-5D-5L value sets. The tool could also support CUA and
PROMs being implemented at the individual patient level, incorporating the patient's preferences into their treatment decisions in 'real time'. For example, the tool could be available on computer tablets in doctor waiting rooms or as a mobile app for patients to quickly create their own personal value sets.
From a future research perspective, the availability of personal value sets enables 'clusters' of participants with similar preference weights to be identified using cluster analysis (Späth, 1980) -and whether such clusters vary systematically with their observable characteristics, such as age, ethnicity, employment, health status, etc to be investigated. Also, the large number of health states worse than dead in the NZ social value set created here relative to other countries' value sets (mostly created using the EQ-VT protocol) could be further investigated. Are New Zealanders' preferences fundamentally different from other people's? Or is this result due to the way dead is valued in this study relative to the complexity of the EQ-VT? Or might such personal questions be answered more honestly in private with the new tool than in the presence of an EQ-VT interviewer?
Finally, possible areas for future research internationally include trialling the new tool in other countries -including leveraging the tool's cost advantages for low and middle-income countries -and testing the tool against other methods for creating EQ-5D-5L value sets. An obvious potential comparator is the EQ-VT protocol. The tool could also be adapted to create value sets for other health descriptive systems, such as the SF-6D (Brazier, Roberts, & Deverill, 2002) , etc.
CONCLUSION
The new valuation tool for creating personal and social EQ-5D-5L value sets is feasible and acceptable to participants and enables valuation data to be relatively easily and cheaply collected. The tool was first applied in NZ. It could also be used in other countries, tested against other methods for creating EQ-5D-5L value sets, applied in personalised medicine and adapted to create value sets for other health descriptive systems.
Below are two alternative user interfaces for identifying health states worse than dead; both were superseded by the configuration presented in Figure 2 .
FIGURE A1
Example of a VAS question to identify states worse than dead
